The statistical structure of sea surface wind speeds is considered, both in terms of the leading order moments (mean, standard deviation, and skewness) and in terms of the parameters of a best fit Weibull distribution. An intercomparison is made of the statistical structure of sea surface wind speed data from four different datasets:
Introduction
Interactions between the ocean and atmosphere are strongly influenced by the probability distribution of sea surface wind speeds. Air/sea fluxes of momentum, energy, and material substances are generally found to have a nonlinear dependence on sea surface wind speed (e.g. Jones and Toba, 2001; Donelan et al., 2002) , so average fluxes depend not only on the average wind speed, but also on higher order moments of the distribution. In consequence, the accurate characterisation of the probability distribution of sea surface wind speeds is an important problem of meteorological, oceanographic, and climatic significance (e.g. Wright and Thompson, 1983; Thompson et al., 1983; Isemer and Hasse, 1991; Wanninkhof, 1992; Wanninkhof and McGillis, 1999; Wanninkhof et al., 2002) . It has been known for some time that the variability of sea surface wind speeds can be characterised to a good approximation by the two-parameter Weibull distribution (e.g. Pavia and O'Brien, 1986; Erickson and Taylor, 1989; Bauer, 1996) , although it has been stressed that this approximation is not exact (e.g. Tuller and Brett, 1984; Erickson and Taylor, 1989; Bauer, 1996) . A limitation of most of these earlier studies was the lack of high resolution (in both space and time) records of sea surface wind speeds of sufficient duration to accurately characterise the distributions on a global scale. For example, the study of Pavia and O'Brien (1986) employed ship data from a single year, with poor spatial resolution outside of the extratropical Northern Hemisphere (NH). Conversely, the study of Isemer and Hasse (1991) made use of 30 years of ship data, but considered only the North Atlantic Ocean.
Over the last decade, unprecedentedly long time series of sea surface wind speeds with global coverage have become available from two primary sources: reanalysis products and satellite-derived remotely sensed observations. Reanalyses combine meteorological observa-tions with full atmospheric general circulation models (GCMs) to find model states that are optimally compatible with the observations; the resulting datasets are of long duration, with high resolution in both space and time (e.g. Kalnay and coauthors, 1996; Simmons and Gibson, 2000) . The reanalysis GCM, however, is only an approximate representation of the real atmosphere. Consequently, reanalysis products have the drawback that they will be corrupted by model biases, especially in poorly sampled regions where the reanalysis data reflects the model more than the observations. On the other hand, remotely-sensed sea surface wind speeds have the benefit of being more direct measurements of sea surface winds, and are generally found to agree reasonably well with in situ buoy and ship-based observations (e.g. Meissner et al., 2001; Ebuchi et al., 2002; Bourassa et al., 2003) , but they are generally of limited duration (e.g. Kelly, 2004) . Because they are not corrupted by GCM biases, satellite observations of sea surface winds are preferred for applications which do not require long time series (e.g. Chelton et al., 2004) ; some applications, such as global estimates of air-sea fluxes , require the long datasets that are only available through reanalysis products. An intercomparison of the characterisation of the probability distribution of sea surface wind speeds in different datasets is therefore a useful exercise.
Part I of the present study (Monahan, 2005) characterised the statistical structure of the probability distribution of sea surface wind speeds, w, from six years of daily vector wind data from the SeaWinds scatterometer mounted on the QuikSCAT satellite. This characterisation was both in terms of the leading few moments (mean, standard deviation, and skewness) as well as the parameters of the Weibull distribution. It was confirmed that the Weibull distribution is a good approximation to the distribution of sea surface wind speeds. In particular, both the SeaWinds observations and the Weibull distribution share the feature that the skewness of w is a concave upwards function of the ratio of the mean of w to the standard deviation, such that the skewness is positive when the ratio is small, the skewness is near to zero when the ratio is intermediate, and the skewness is negative when the ratio is large. Using a simple stochastic model derived using a clear sequence of approximations from the boundary layer momentum equations, it was shown that this relationship between moments is a consequence of the non-Gaussian structure of the sea surface vector winds resulting from the nonlinear dependence of surface drag on wind speed (Monahan, 2004a,b) .
Despite being well-approximated by a Weibull distribution, the SeaWinds observations were found to display distinct non-Weibull behaviour. In particular, the slope of the relationship between mean(w)/std(w) and skew(w) was found to be steeper than the Weibull curve for low values of the ratio, and shallower than the Weibull curve for larger values. In geographical terms, the skewness of the observed wind speeds tends to be more negative in the tropics, and more positive in the extratropics, than the equivalent Weibull variable. It was concluded, based on a Monte Carlo analysis, that the probability was vanishingly small of this non-Weibull structure arising due to sampling fluctuations of an underlying Weibull population. Spurious non-Weibull structure in observations of truly Weibull winds could arise for two further reasons: (1) biases in the data, and (2) non-stationarities associated with the seasonal evolution of sea surface winds. As Part I of this study considered only the data from SeaWinds observations throughout the entire year, neither of these possibilities were assessed in detail.
The present study presents an intercomparison of the statistical structure of sea surface wind speeds in remotely sensed, reanalysis, and buoy wind datasets. In particular, this study considers the extent to which the relationships between the moments of sea surface wind speeds observed in the SeaWinds data characterise other sea surface wind datasets.
Furthermore, we will investigate the variability of the probability distribution of sea surface wind speeds over the course of the seasonal cycle. The evolution of the moments and Weibull parameters of sea surface winds over the seasonal cycle will be documented, and the possibility that the non-Weibull structure observed in the SeaWinds sea surface wind data arises due to seasonal nonstationarities will be addressed.
A brief review of the properties of the Weibull distribution is presented in Section 2, followed by an overview of the datasets considered in this study in Section 3. The intercomparison of the statistical structure of the sea surface wind in the different datasets is presented in Section 4, and the characterisation of the seasonal evolution of the probability distributions is given in Section 5. A discussion and conclusions follow in Section 6.
Statistical Preliminaries
We will present a brief overview of the essential features of the Weibull distribution, a more thorough review of which is presented in Part I of this study. A random variable x characterised by a two-parameter Weibull distribution has the probability density function (pdf)
The parameters a and b are denoted respectively the scale and shape parameters. The averages of powers of x are given simply by:
where Γ is the gamma function. Expressions for the moments of x follow from Eqn. (2). In particular, both the mean and standard deviation of x (denoted respectively mean(x) and std(x)) depend on both the a and b parameters, although the dependence of mean(x) on b is weak. On the other hand, the skewness and kurtosis of x, respectively the normalised thirdand fourth-order moments:
depend only on the parameter b.
As is discussed in Part I of this study, a number of different estimators of the Weibull parameters exist. In practice, it is found that differences in wind speed scale and shape parameters obtained from these different estimators are negligible. Therefore, we will use the simplest of these estimators:
Note that the Weibull shape parameter b is uniquely determined by the ratio of mean (x) to std(x).
Data
The following datasets are considered in this study: The SeaWinds data have been extensively compared with buoy and ship measurements of surface winds (Ebuchi et al., 2002; Bourassa et al., 2003; Chelton and Freilich, 2005 Atlas et al. (1996) and Meissner et al. (2001) . (Simmons and Gibson, 2000) . These data are available from http://data.ecmwf.int/data/d/era40/.
Six-hourly NCEP/National Center for Atmospheric Research (NCAR) reanalysis 10m
zonal and meridional winds, available on a 1.875
• × 1.9
• Gaussian grid from January 01, 1948 to December 31, 2002 (Kalnay and coauthors, 1996 . These data are available from the NOAA-CIRES Climate Diagnostics Center, http://www.cdc.noaa.gov/. sea surface temperature and surface atmosphere temperature were available, so the wind speed at the anemometer height was converted to 10m wind speed using the stability-dependent method described in Liu and Tang (1996) . The locations of these buoys are illustrated in Figure 1 .
Daily buoy observations obtained from the
No pre-processing, such as filtering or removing the annual cycle, was carried out on any of these datasets.
Sea Surface Wind Dataset Intercomparison
The wind speed datasets considered in this study are not mutually independent. The SSM/I dataset is a blend of satellite observations, ECMWF analysis fields, and some buoy observations. The model physics used in the preparation of these analysis fields will share essential features with the model physics used in the preparation of the reanalysis products. Furthermore, TAO buoy observations were assimilated into the ERA-40 product, and raw SSM/I surface wind speed estimates were assimilated into both the ERA-40 and NCEP/NCAR reanalyses. However, as noted in Meissner et al. (2001) , for the NCEP/NCAR dataset SSM/I surface winds were estimated using an algorithm due to Krasnopolsky et al. (1995) rather than the Wentz (1997) algorithm used for the ERA-40 and blended SSM/I datasets.
The ERA-40 reanalysis also assimilates surface wind data from the European Space Agency Earth Remote Sensing (ERS) -1 and -2 scatterometers. Therefore, while these datasets are not independent, they are distinct and an intercomparison is meaningful.
Moments
The mean, standard deviation, skewness and kurtosis fields of w from the SeaWinds, SSM/I, ERA-40 reanalysis, and NCEP/NCAR reanalysis datasets are displayed in Figure it is close to zero over the Southern Ocean, and it is negative in those parts of the tropics and subtropics characterised by strong and steady winds. The kurtosis of w is generally negative along the ITCZ and in the Indian Ocean, close to zero over the Southern Ocean and in much of the tropics, and positive elsewhere.
While the moment fields estimated from the SeaWinds, SSM/I, ERA-40, and NCEP/NCAR datasets share the same basic features in common, they differ in details. Previous studies have noted that satellite observations of mean sea surface wind speeds tend to be larger than analysis or reanalysis estimates in both the tropics (e.g. Meissner et al., 2001; Bentamy et al., 2003) and over the Southern Ocean (e.g. Yuan, 2004) ; these earlier results are consistent with the differences presented in Figure 3 . Caires et al. (2004) noted that mean(w) in the tropics was higher in the ERA-40 reanalysis data than in the NCEP/NCAR reanalysis data, again consistent with the results presented in Figure 3 . Chelton and Freilich (2005) compared SeaWinds wind speed observations with NCEP and ECMWF operational analysis fields, and also found that in some years the ECMWF analysis mean(w) is biased low relative SeaWinds mean(w) field, although it is also biased low relative to the NCEP analyses.
As was noted by Chelton and Freilich (2005) , some of the differences in mean(w) between the remotely sensed and reanalysis datasets may arise because satellite observations measure wind stress, which is then converted to 10m equivalent neutral-stability winds without accounting for stratification effects (Liu and Tang, 1996) . Reanalysis models, on the other hand, attempt to simulate the actual winds at 10m. Chelton and Freilich (2005) estimate that the difference between actual 10m winds and equivalent neutral-stability winds can account for ∼ 0.2 ms −1 of the difference between the remotely sensed and simulated wind fields. Furthermore, reanalysis models do not resolve small-scale structures in sea surface temperature which modify the local boundary layer stability with a measurable local effect on sea surface winds (e.g. Chelton et al., 2004) . Chelton and Freilich (2005) also emphasise the fact that remotely sensed observations of sea surface winds are sensitive to the vector velocity difference between the ocean surface and the 10m wind, rather than the 10m wind itself, while reanalysis models neglect surface currents and assume a rigid bottom boundary;
reanalysed wind fields will therefore be biased relative to remotely sensed winds in regions of swift surface currents (e.g. Kelly et al., 2001 Kelly et al., , 2005 . This effect may account for some of the differences between the moment fields, particularly in the regions of relatively swift surface currents around the equator and the Southern Ocean. surface wind data and smaller in the SSM/I and NCEP/NCAR reanalysis datasets.
Weibull Parameters
As was discussed in Part I of this study, an essential feature shared by both the SeaWinds sea surface wind observations and the Weibull distribution is that skew(w) is a concave upwards function of the ratio mean(w)/std(w), such that the skewness is positive where the ratio is small, near zero where the ratio is intermediate, and negative where the ratio is large.
Kernel density estimates of the joint pdf of mean(w)/std(w) with skew(w) for each of the SeaWinds, SSM/I, ERA-40,and NCEP/NCAR reanalysis datasets are presented in Figure   5 , along with the theoretical curve for a Weibull variable. A scatterplot of mean(w)/std(w) against skew(w) for the buoy data is presented in Figure 6 . Too few buoys were available for a meaningful estimate to be made of the joint pdf of mean(w)/std(w) with skew(w) from buoy data. Evidently, despite differences in detail, all five datasets are in qualitative agreement regarding the relationship between the moments of sea surface wind speed. In particular, the theoretical Weibull curve runs through the joint pdfs of the SeaWinds, SSM/I, ERA-40, and NCEP/NCAR reanalysis data, and through the scatter of the buoy data. It is demonstrated in Part I of this study that the relationships between the fields of mean(w), std(w), and skew(w) can be qualitatively understood in terms of boundary-layer dynamics subject to fluctuating large-scale forcing and nonlinear surface drag.
There is also agreement among these five datasets regarding deviations in the structure of wind speed pdfs from Weibull. In all datasets, the slope of the relationship between skew(w) and the ratio mean(w)/std(w) is steeper than that of the Weibull curve for low values of the ratio, and it is shallower than that of the Weibull curve for larger values of the ratio. Using a Monte Carlo approach, it was demonstrated in Part I of this study that the probability was vanishingly small of the apparent non-Weibull structure of the SeaWinds observations arising due to sampling fluctuations of a truly Weibull population. Similar calculations for the SSM/I, ERA-40, NCEP/NCAR reanalysis, and buoy datasets (not shown) indicate that the probability is also vanishingly small that the non-Weibull structure in these datasets is attributable to sampling fluctuations of a Weibull variable.
To examine the geographical distribution of non-Weibull structure in sea surface winds, maps of the observed skew(w) field minus the skew(w) field predicted for a Weibull variable with the observed mean(w) and std(w) (Eqn. (4)) were computed for each of the SeaWinds, SSM/I, ERA-40, and NCEP/NCAR datasets ( Figure 7) . In all four datasets, the estimated skew(w) is more negative in the tropics and more positive in the NH midlatitudes than is the skewness field for the equivalent Weibull variable. In the reanalysis datasets, the skewness field over the Southern Ocean is more negative than the skewness of the equivalent Weibull field; this is consistent with the negative biases in these datasets of skew(w) over the Southern Ocean evident in Figures 2 and 3 .
In Part I of this study, it was noted that the Weibull distribution provides a reasonable approximation to the pdf of SeaWinds sea surface wind speeds, although there are large-scale differences between the observed moment fields and those associated with best-fit Weibull distributions. The present analysis demonstrates that these differences are evident in all the datasets under consideration and that the main features of the differences between observed and Weibull moment fields are consistent between different datasets.
The analyses of the pdfs of sea surface wind speed presented in Section 4 and in Part I of this study used data from throughout the entire year, without regard for seasonal variability.
Considerable regional (if not global) seasonal evolution of the pdf of w is expected. Characterisation of this seasonal variability is a basic element of the full characterisation of the pdf of sea surface wind speeds. Furthermore, it is possible that the apparent non-Weibull structure of the sea surface wind speeds discussed in the previous section is a consequence of this nonstationarity in the statistics of w: seasonal evolution in the a and b parameters of an instantaneously Weibull variable could yield a year-round pdf that is no longer Weibull.
To assess the seasonal evolution of the probability distributions of sea surface winds, the SSM/I dataset is subdivided into four seasons: March, April, May (MAM); June, July, August (JJA); September, October, November (SON), and December, January, February (DJF). The SSM/I dataset is used rather than the SeaWinds observations because of its relatively long duration; as was discussed in Section 4, the pdfs of sea surface wind speed in the SeaWinds and SSM/I datasets agree in their essential features. A description follows of the seasonal evolution of the statistical properties of w, in terms of both moments and Weibull parameters.
Moments
The fields of mean(w), std(w), skew(w), and kurt(w) for each of the MAM, JJA, SON, and DJF seasons are presented in Figure 8 . The seasonal cycle in mean(w) is greatest in the midlatitudes, particularly in the Northern Hemisphere, with the strongest mean wind speeds occurring in the winter season (DJF in NH, JJA in SH). Annual variability in mean(w) is considerably smaller in the subtropics, with somewhat stronger mean wind speeds along the equatorward flank of the subtropical highs in the winter season than in the summer. An exception in the subtropics is the equatorward flank of the Indian Ocean subtropical high, which displays a marked annual cycle in mean(w) associated with the Australasian monsoon.
A seasonal meridional migration of the equatorial doldrums is also evident.
As was the case with mean(w), midlatitude values of std (w) Pacific, and Eastern Pacific). As is discussed in Part I of this study, the data coverage in PO of the subtropics and SH midlatitude was sparse. The annual cycles of the Weibull scale parameter a reported in PO are broadly in agreement with the results presented in Figure   9 . On the other hand, the estimates of b presented in PO are markedly different than those of the present study. The values of b presented in PO are in general considerably lower than those presented in Figure 9 ; in particular, the results of PO present no evidence over any of the four ocean basins of subtropical maxima in b. These maxima appear in all datasets considered in this study and in all seasons, and their existence is consistent with the regions of negatively skewed w described in this study and in Bauer (1996) . We conclude that the differences between the characterisation of b in PO and that of the present study, both in terms of geographical structure and seasonal evolution, arise because of the limited data used in PO (leading to sampling errors) and their use of zonal averaging (as structure in b
Weibull Parameters
is not zonally symmetric).
To assess whether the apparent non-Weibull structure of w evident in Figures 5 to 7 is a result of seasonal variation in the Weibull parameters, the joint pdfs of mean(w)/std(w) with skew(w) were calculated for each of the MAM, JJA, SON, and DJF seasons ( Figure 10 ). For each season, the joint pdf is characterised by the relationship between moments characteristic of the full year ( Figure 5 ), such that the theoretical curve for a Weibull variable runs through the joint pdf. Evidently, the seasonal sea surface wind speeds are no less Weibull than the full-year wind speeds. However, they are also no more Weibull: as in the year-round data, for each season the slope of the relationship between the ratio mean(w)/std(w) and skew (w) is steeper than the slope of the Weibull curve for small values of the ratio, and shallower for large values of the ratio. The non-Weibull structure characteristic of the full-year data is also evident in the seasonally stratified data.
Maps of the SSM/I skew(w) field minus the equivalent Weibull skew(w) field obtained using the SSM/I mean(w) and std(w) fields, for each of the MAM, JJA, SON, and DJF seasons, are presented in Figure 11 . In all seasons, difference fields between the observed and Weibull fields are similar in pattern and magnitude to difference fields obtained using data from throughout the year (the second panel of of Figure 7) . Evidently, the deviation of the year-round pdf of w from Weibull is not a consequence of seasonal non-stationarity: the sea surface wind speeds in each season also display considerable non-Weibull behaviour.
Discussion and Conclusions
A number of previous studies (e.g. Pavia and O'Brien, 1986; Isemer and Hasse, 1991; Bauer, 1996; Pryor and Barthelmie, 2002) have investigated the probability distribution of sea surface wind speeds, w, in which it has been demonstrated that the probability distribution is generally well approximated by the two-parameter Weibull distribution. However, most of these earlier studies were regional in scale. The one previous effort to characterise the probability distribution of w on a global scale (Pavia and O'Brien, 1986) used only a single year's data with limited coverage in the tropics and the Southern Hemisphere. The recent development of global-scale wind speed datasets of several years' duration allows a re-evaluation of the characterisation of the probability distribution of sea surface wind speeds over the entire World Ocean.
In this study, an intercomparison has been made of the probability distribution of sea surface wind speeds as characterised by four global datasets of long duration with high resolution in space and time. Two of these datasets are reanalysis products (NCEP/NCAR and ERA-40) obtained by using an atmospheric general circulation model to dynamically interpolate between observations that are unevenly sampled in space and time. A third dataset is derived from passive satellite observations of the sea surface blended with surface analysis fields to fill in data gaps and provide wind directions. A fourth dataset consists of active sea surface vector wind observations from the SeaWinds scatterometer on the QuikSCAT satellite. A significant drawback of the first three of these datasets is that they are hybrids of observations and models, but they have the benefit of being of relatively long duration. Conversely, the scatterometer sea surface wind speeds are more direct observations, but presently only 6 years of data are available. Importantly, these datasets agree (to leading order) in their characterisation of the probability density functions of sea surface wind speeds, both in terms of the three lowest order moments and of the best-fit parameters to the Weibull distribution. In particular, in all datasets considered, the wind speed skewness field has been shown have a characteristic functional dependence on the ratio of the mean of the wind speed to its standard deviation: the skewness is a concave upwards function of this ratio, such that it is positive for small values of the ratio, near zero for intermediate values,
and negative for larger values. This relationship was also shown to hold in buoy data from the Northern Hemisphere midlatitudes and the tropical Pacific and Atlantic oceans. The
Weibull distribution has been shown to provide a reasonably accurate approximation to this relationship, although distinctly non-Weibull behaviour is evident in all datasets.
It should be noted, however, that the quantitative differences between the pdfs of w characterised by the different datasets considered in this study are not negligible. Quantities such as air/sea fluxes estimated using these different datasets will thus differ quantitatively.
Because they are not corrupted by GCM biases, SeaWinds observations would generally be preferred for such calculations. However, some applications, such as global estimates of air-sea fluxes (e.g. Isemer and Hasse, 1991; Wanninkhof et al., 2002) over long time scales, require the long datasets that are only available through reanalysis products. The biases of the wind speed moments in the different datasets described in the present study should be taken into account when interpreting the results of calculations in which these wind speed datasets have been used.
The present study has also considered the evolution of the pdfs of sea surface wind speeds over the annual cycle in the SSM/I dataset. It is found that the Weibull approximation is equally good in each of the MAM, JJA, SON, and DJF calendar seasons, and that the deviations from Weibull behaviour evident in the full-year data are not simply a result of the seasonal non-stationarity of the Weibull parameters. The present study extends the result of previous studies characterising the seasonal evolution of the sea surface wind speed
Weibull parameters, which were geographically limited (e.g. Isemer and Hasse, 1991) or used a dataset of too limited a duration to yield statistically robust estimates (e.g. Pavia and O'Brien, 1986 ).
The present study has taken advantage of long-duration global datasets of sea surface winds with high resolution in space and time that have only recently become available to produce a statistically robust characterisation of the seasonal and geographical structure of the probability distribution of sea surface wind speeds. It is to be expected that refinements to this picture will be made as the quality and duration of wind speed datasets improves.
Given the leading order similarity of the statistical properties of the four datasets considered, however, it is not expected that the characterisation of large-scale features in sea surface wind speed pdfs will change qualitatively. In particular, it is evident in all datasets and in all seasons that skew(w) is a concave upward function of mean(w)/std(w), positive where this ratio is small, close to zero where the ratio is intermediate, and negative where the ratio is large. A mechanistic model presented in Part I of this study is able to qualitatively characterise this relationship, but is quantitatively inaccurate. A goal of future research will be the construction of physically-based models which can quantitatively reproduce the robust relationships between statistical moments of the sea surface wind speeds that have been demonstrated in this study. 
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